Search engines like Google.com 
Introduction
Early search engines retrieved pages based on their content alone. However, this approach could not discriminate between documents of varying quality, authority or relevance. An answer to this problem emerged when researchers began to consider the hyperlink structure of the web as a means of inferring page relevance [7] . The key observation is that the hyperlink structure of the web represents an organising principle based on the human facility to be able to discriminate between relevant and irrelevant material. People who create web pages hand code links to other pages after judging the content on those pages. Thus, links explicitly characterize a filtering of content by human intelligence. As many of the current research initiatives on Web Intelligence are based on mining the link structure of the web, we consider the semantics of using hyperlinks in web documents. We point out that a link may have several meanings such as referential, endorsing or criticising. The unary nature of the link mechanism in the Hypertext Markup Language (HTML) means that these meanings cannot be communicated. For example, the PageRank algorithm [7] considers all links into a page to be a vote for that page. However, this is not always the case and Google bombers and blog spammers have exploited this weakness in order to boost the PageRank scores of their target sites.
Consequently, we consider the semantics we might use with a new linking structure. We examine the different rankings produced by PageRank for a large real world data set where links are encoded using positive or negative trust statements. We see that the current unary link structure only allows PageRank to indicate how much attention is devoted to a particular page rather than how positively endorsed it is. We then consider what it means to have a graph based on negative links.
The paper is structured as follows. In Section 2 we give an overview of the hyperlink facility and describe the problems associated with it. In Section 3 we introduce the Epinions.com data set and we describe our experiments on ranking using PageRank algorithm. We discuss our results in Section 4.
Linking on the Web
A crucial factor in the rapid adoption of the HTML language was its simplicity. HTML contains only structural markup and does not have standard facility for for marking up semantics. In HTML, the anchor element a creates a link. The href attribute specifies the URL of the page resource being linked to. The description of the link known as anchor text is given between the opening and closing anchor elements.
a href= URL title= hover box text anchor text /a Although there are no predefined semantics for links in HTML, web authors generally use the anchor text to briefly describe the resource being linked to. Search engines attach weight to terms used in anchor text because they can represent a summary of the web author's impression or view of the web site. However, machines are not sophisticated enough to detect when the author is being truthful, playful or malicious. This is problematic because the second generation of search engines, such as Google, rely upon the link structure of the web to infer quality and relevance of search results. 
Experiments
Although ranking algorithms may be able to find important pages (pages linked by many other pages and hence receiving a lot of attention), they cannot distinguish between positively and negatively endorsed pages. In this section, we present some experiments on real world data that demonstrate this intuition.
We describe firstly Epinions.com, the provider of the data, and then the experiments we have run on this data.
Epinions Data Set
Epinions.com is a web site where users write reviews about products (such as books, restaurants, etc.) and assign them numeric ratings. Epinions.com also allows the user to explicitly designate the users she trusts (i.e. reviewers whose reviews and ratings they have consistently found to be valuable) and the users she distrusts. For our experiments, we make a straightforward analogy with the web: web pages are Epinions users and links are trust and distrust statements (see Figure 1 ). The relevant difference is that Epinions.com allows positive (trust) and negative (distrust) links to be expressed.
Let us now analyze the structure of the directed graph representing Epinions.com community. The data consists of 131828 nodes and 841372 edges. The edges are labeled either as 'trust' or 'distrust', represented respectively in Figure 1 by a + and a −. This graph presents characteristics similar to the ones observed for the Web. Precisely, the indegree and out-degree distributions of this directed graph, treating both the trust and distrust edges, suggest a power law [2] typical of the structure of the Web. The other similarity is the existence of a single large strongly connected component and the bow tie structure [1] .
Analyzing the fraction of trust and distrust links is also interesting: 85.29% of the edges are labeled trust and only 14.71% are distrust edges. This suggests that humans tend to refer more to what they appreciate and less to what they don't appreciate. So the assumption, adopted by many search engines, that a link to a page is equivalent to an endorsement of that page is correct most of the time. However there are cases where this is misleading: for example, web authors may link to sites of political candidates they disagree with or may use a link while referring critically to a site with controversial subject matter. In this case search engines wrongly consider the link as a endorsement [5] .
Experimental Setup
In this paper we claim that search engines could produce different rankings if they were able to consider the expressed intentions of web authors. In order to demonstrate our claim, we have run the PageRank algorithm against two versions of the Epinions.com graph. In the first setting, we have considered all the statements (both trust and distrust) as links between nodes. This is the information that can be expressed on the Web now, as there is no way in HTML to attach unambiguous semantics to the link. In the second setting, we build a graph by keeping only the trust edges. In this way, we consider only the expressions of positive endorsement between nodes. The first setting is called pr+/-and the second is called pr+. We have also run PageRank on the graph composed only of distrust edges (pr-). 
User 367 is 4th in the attention list and 2nd in the trust list; this means that users 1335 and 2294 are more "spoken about" (considering both trust and distrust) while, if we consider only trust statements, user 367 is better placed. A search engine that wants to return the most appreciated users (or pages in our analogy) should probably return 367 before 1335 and 2294. An opposite argument can be made for user 50525: she is 7th in the attention list but only 10th in the trust list. This means that, while she is known and judged (linked) by many users, there is a non negligible portion of them that distrust her. Again, in this case, a search engine that wants to return mainly trusted pages should give preferences for example to 1353, 1090 and 11598.
We have also computed two measures of misalignment of the two lists as defined in [4] . The first one, denoted OSim n (τ 1 , τ 2 ), represents the degree of overlapping between the top n elements of two rankings, τ 1 and τ 2 . The overlap of the two sets A and B (each of size n) is defined to be |A∩B| n . The overlap measure OSim does not give a complete picture of the similarity of two rankings, as it does not indicate the degree of agreement between the relative orderings of the top n users produced by two different rankings. Therefore, we also use a variant of the Kendall's τ distance measure. For consistency with OSim, it is defined as a similarity (rather than a distance) measure, so that values closer to 1 indicate closer agreement. In short, KSim(τ 1 , τ 2 ) is the probability that τ 1 and τ 2 agree on the relative ordering of a randomly selected pair of distinct nodes (u, v) ∈ U × U . The precise definition of OSim and KSim can be found in [4] . Figure 3 plots the two similarity measures when comparing the lists returned by pr+/-and pr+, while Figure 4 considers pr+/-and pr-. Figure 3 clearly shows the amount of disagreement between the attention list and the trust list. The alignment tends to be a little bit greater than 0.8 (the difference between OSim and KSim is not large). We believe that this is an important fact. The difference between the attention list (what search engines can return at present) and the trust list (a list that would correspond to most appreciated pages) is significant. As we would expect, when we compare the attention list with the list returned by pr- (Figure 4) , we see that the alignment is much less. For small values of n, alignment is very small. However, for n > 50 , the OSim value is around 0.4, indicating that there is overlap between the attention list and pr-list. This means that in the attention list there are many users that are also in the list obtained by propagating reputation along negative links. This is far from ideal if a search result set should return only highly appreciated pages.
Analysis of results

Distrust Links
Let us now analyze pr-, i.e. PageRank algorithm run on the graph composed only of negative links. In this case PageRank would propagate "negative" authority along links. But if user A distrusts user B and user B distrusts user C, this does not mean that user A would necessarily distrust user C. In some situations, the opposite can even be true. In short, the intuition behind PageRank loses its meaning in this context. 
Discussion
The ranked lists returned by pr+ and pr+/- (Figure 2 ) are different and represent different concepts: trust and attention, respectively. However, at present search engines can only return the attention list because trust and distrust statements cannot be unambiguously expressed in HTML. For example, during election time, search engines are able to return the candidates that are heavily discussed but cannot return the ones who are most trusted and appreciated.
A survey of current proposals for adding machine readable semantics to the existing linking structure of the web is available in a separate technical report [6] . For reason of space, here we only mention the proposal we consider most interesting: VoteLinks 1 , a microformat proposed by Technorati.com. They suggest a set of three new values for the rel attribute of the a tag in HTML. The values are vote-for, vote-abstain and vote-against and represent agreement, abstention or indifference, and disagreement. We believe this is a correct first step to enabling the link function to express simple semantics.
Since humans tend to mention what they like more than what they don't like, the pr+ and pr+/-are largely overlapping and aligned. However, there are some users who have different positions in the two lists and this information is lost with the current HTML language. This is especially an issue when dealing with controversial users and topics [5] .
Another point worth discussing is the pr− list, where PageRank is applied to a graph composed just of distrust statements. The intuition behind PageRank in the context of negative links ("A negative authority is a page linked by many negative authorities") does not make much sense. While trust is in some sense transitive, distrust is certainly not [2] . Instead, we suggest a simple adaptation of the PageRank intuition: a negative 'authority' is a page judged as negative by many positive authorities. Thus, authority is firstly propagated along positive links in order to discover positive authorities (pr+) as in normal PageRank. Then a last step is performed to compute negative authority values for every page. These values depend on the negative links received by the page, weighted by the positive authority of the linking page.
However the goal of this paper is not to discuss how the semantic information encoded by authors along their links could be used but just to suggest to the Web Intelligence research community that a preliminary requirement must first be accomplished: extending the Web language so that semantic links can be expressed. [2] provides an analysis of different ways to propagate trust and distrust. A logi-1 http://developer.technorati.com/wiki/VoteLinks cal next step for search engines is to produce ranked lists that are personalized to the opinions of the specific active user [3, 4] . In this context, links that express positive and negative preferences open new interesting possibilities.
Attention is not always a synonym of trust. We have shown that in fact, on a real world dataset, the two ranked lists representing these concepts are different. This would suggest that enabling HTML to represent some simple link semantics would benefit the research community and web users at large.
Conclusions
In this paper we consider the potential for an extended linking language on the Web. Although search engines like Google.com tap the intelligence hand coded into the link structure of the Web, they are constrained from extracting more information from links by the lack of semantics available in the current linking model. Using a real world data set from Epinions.com as a a proxy for the Web, we demonstrate how additional link information would allow Google's PageRank algorithm identify highly trusted web sites. We conclude that simple semantic extensions to the link mechanism would provide a richer semantic network from which to mine more precise Web Intelligence.
